The study of activation maps using multi-electrode arrays (MEA) can help to understand atrial fibrillation (AF) mechanisms. Activation mapping based on recorded unipolar electrograms (u-EGM) rely on the local activation time (LAT) detector, which has a limited robustness, accuracy, and generally requires manual post-edition. In general, LAT detection ignores spatiotemporal information about activation and conduction conveyed by the relation between signals of the MEA sensor.
Introduction
Atrial fibrillation (AF) is one of the most common arrhythmias, especially in elderly people [1] . Despite the number of proposed mechanisms underlying AF [2] [3] [4] [5] [6] , the complete phenomena that initiate and perpetuate the arrhythmia is not yet fully understood [4] . Therefore AF treatment is far from being fully effective.
Activation mapping is the most commonly used method for visualization and study of cardiac arrhythmias [7] . During irregular tachycardia like AF, simultaneous mapping is needed due to the non-repetitive nature and complexity of the arrhythmia [4] . For high-density simultaneous mapping, a multi-electrode array (MEA) mapping sensor is needed. The propagation of cardiac activation is shown by displaying the recorded signals in a matrix related with the location of the electrodes on the MEA sensor [8] . Detection of local activation times (LAT) for activation mapping is typically associated to the unipolar electrogram (u-EGM) steepest negative slope [9] . Reconstruction of activation maps is usually done by combining detected LATs from each of the electrodes on the MEA sensor. However, this procedure ignores the spatiotemporal information embedded in the u-EGM signal.
Cardiac electrophysiological modelling describes the ion currents flowing through the myocardial cell membrane embedded in realistic structures and geometries of the human heart [10] . A less detailed approach (and less time-consuming) represents the cardiac activation propagation as an equivalent source model which uses current sources and densities to calculate the potentials, hence describing the activation propagation as a uniform double layer (UDL) model [11] .
In this work, a spatiotemporal approach for estimation and construction of high-density activation maps is presented. The proposed method iteratively fits the UDL activation pattern model to acquired cardiac activity on small clusters of the MEA sensor and reconstructs the complete activation map by combining the solutions for each cluster.
Materials
The clinical data used in this work belongs to a pa- tems B.V., Maastricht, The Netherlands) was sequentially positioned on the epicardial wall of the right atrium, in caudal to cranial direction as shown in Fig. 1(a) .
The MEA sensor measures 3.0ˆ1.4 cm and is composed by 128 circular gold plated electrodes (2 mm interelectrode distance, 1 mm diameter) organized in an 8ˆ16 rectangular grid. Corner electrodes were not available for recording, resulting in 124 u-EGM signals for analysis ( Fig. 1(b) ). The acquired u-EGM signals were band-pass filtered (1-500 Hz), sampled and digitized at 1 kHz. The length of the recorded episodes was of 10s.
Automatic LAT detection was performed off-line [12] and audited by an expert electrophysiologist, hence considered as "ground truth" for performance evaluation.
Methods
Before processing of the complete map, the mapping array is segmented into 44 overlapping cluster groups of 5ˆ5 electrodes (area 64 mm 2 ), being this the analizing electrode group size of the algorithm.
3.1.
Activation pattern, tissue model and signal generation
The basic activation pattern can be generalized as a concentrically spreading activation from a focus point with uniform conduction velocity (CV). This activation pattern is applied to a UDL using the boundary element method [11] . A 12ˆ12 mm slice of atrial tissue with 2 mm thickness, i.e., the human atrial average thickness [13] , is considered. A virtual MEA sensor with 5ˆ5, 2 mm spaced, circular electrodes was placed on the UDL enabling calculation of electrical activity during concentric activation by using the solid angle from a plane triangle formula [11] .
3.2.
Conduction velocity measurement and initial location
Activation focus and CV are the basic parameters to define a concentric activation pattern. Those parameters must to be estimated from acquired data.
Thus, CV is estimated by a process inspired in that presented by Fitzgerald et al. [14] . This process consist on adjusting a biquadratic surface in the least square sense [15] to the time delay, computed as those maximizing the cross-covariance between the signal at each of the electrodes and that of the central electrode from the 5ˆ5 group under analysis. This CV is estimated for each 5ˆ5 group of electrodes, remaining unmodified during the rest of the analysis. After that, the proposed iterative algorithm searches for the focus location that generates the concentric activation. Hence the algorithm needs to be initialized in an appropriate location. This initial location f 0 is established as the coordinates of the electrode i min which matches the following joint minimization criteria:
where δ i is the time delay of the ith electrode to the reference electrode and R i RS stands for the R-to-S ratio of the ith u-EGM signal [16] . Therefore, the initial position f 0 correspond to that from the electrode coordinates with earlier activation and lower R-to-S difference.
Iterative algorithm and map reconstruction
The iterative algorithm aims to optimize the fitting of the concentric propagation model to the recording data by modifying the focus location of the propagation pattern in test. The algorithm starts from the previous determined initial location f 0 . This location is updated for each kth iteration, k " 1...50, following:
where ∆ represents the updating step and u k is the unitary update vector in the direction that improves the matching between the modelled and recorded u-EGMs. In this work, update step ∆ is set up to the measured CV value, so that the focus moves in each iteration a distance equivalent to the wavefront propagation in 1 ms, i.e., the signal resolution of the acquired data. at iteration k. The time difference in the activation time between acquired and modelled u-EGM signals for each ith electrode is obtained by maximizing the cross-covariance function:
where C i rms stands for the cross-covariance function between the acquired and modelled signals at lag m for the ith electrode of the current 5ˆ5 analysis group. Hence a median group delayτ d , d " 1..4, is obtained from each 2ˆ2 subgroup of electrodes G d located at the corner of the 5ˆ5 group under analysis, as illustrated in Fig. 2 . A unitnorm director vector r d from the center of each G d to the current focus location is identified and the update vector is obtained as:
which its unitary form u k is used in (2) . This process is repeated until a cost function Q exceeds a threshold or the maximum number of k iterations are reached. The cost function Q is defined as:
After complete analysis of the 44 5ˆ5 groups of electrodes conforming the 8ˆ16 MEA sensor, the activation sequence is obtained by weighted averaging the individual LAT estimates for each solution using the final value of the cost function Q as weights. 
Results
Evaluation was done by comparing reconstructed maps with those obtained by an expert electrophysiologist. Error is presented as mean˘standard deviation (SD). Since LATs have an ordered nature, Spearman's correlation ρ was assessed and a p-value ď 0.05 was required for statistical significance. Table 1 summarizes the detection results obtained per each recording location. A total of 236 maps (beats) were analyzed with an error of´0.29˘6.01 ms with high Spearman's correlation (ρ = 0.93, p ă 0.01). Figure 3 show representative examples of map reconstruction.
5.

Discussion and conclusion
This work introduces a spatiotemporal detection approach that allows to obtain smooth and comprehensive high-density activation maps. A simplified activation pattern and conduction model are used in order to synthesize u-EGM signals that mimic the measured activation map using an iterative process.
Results show high detection accuracy compared with audited annotations in the right atrium during AF. However, this work is a preliminary study of application on a single patient and atrial location data.
Although this work uses invasive data, its results suggest that the proposed algorithm can be used to study highdensity activations maps and in the development of minimally invasive epicardial high-density mapping.
